Echo chambers are defined by the simultaneous presence of opinion polarization with respect to a controversial topic and homophily, i.e. the preference of individuals to interact with like-minded peers. While recent efforts have been devoted to detecting the presence of echo chambers in polarized debates on online social media, the dynamics leading to the emergence of these phenomena remain unclear. Here, we contribute to this endeavour by proposing novel metrics to single out the effect of the network dynamics from the opinion polarization. By using a Twitter data set collected during a controversial political debate in Brazil in 2016, we employ a temporal network approach to gauge the strength of the echo chamber effect over time. We define a measure of opinion coherence in the network showing how the echo chamber becomes weaker across the observed period. The analysis of the hashtags diffusion in the network shows that this is due to the increase of social interactions between users with opposite opinions. Finally, the analysis of the mutual entropy between the opinions expressed and received by the users permits to quantify the social contagion effect. We find empirical evidence that the polarization of the users and the dynamics of their interactions may evolve independently. Our findings may be of interest to the broad array of researchers studying the dynamics of echo chambers and polarization in online social networks. * duilio.balsamo@unito.it †
I. INTRODUCTION
Various disciplines including social science, economics, physics, and others address issues concerning the dynamics of social interactions from different perspectives. Researchers tend to provide qualitative understanding about how such interactions shape social behavior, and also to provide quantifiable descriptions of such behaviour. A lack of data concerning social phenomena characterized the last century, making it difficult to study such interactions. However, availability of new sources of data and introduction of new computational approaches have enabled a quantitative description of such phenomena. Several topics in social sciences about human behavior and their interactions in online environments are being studied by employing various quantitative methods [2, 5, 18] . For instance, there are studies on the analysis of the content exchanged online [1, 16] , the effects of algorithms employed in platforms such as browsers on behavior [27] , the use of network analysis to analyze social dynamics of opinion formation by modeling the interactions between actors [42] . Several scholars already employed them to analyze online platforms such as Twitter to explain interactions between people [3, 6, 25] , the extent to which communication affects and eventually reshape public opinion [29] , and the dynamics of collective behavior in response to events that catalyze public opinion [17, 39] .
The debate about the appropriateness and effectiveness of current measures is still ongoing [40] , and the floor is open for new methodological contributions [43] . One of the most salient debate concerns the extent to which online socialization affects the way people form opinions online. Colleoni et al. [8] point out the existence of two groups of scholars that provide antithetical evidence on those effects. On the one side, the Internet is deemed to facilitates selective exposure to contents, [11] leading users to reinforce their pre-existing beliefs, due to homophily. On the other side, the Internet challenges traditional social boundaries by exposing users to alternative opinions, views, and sources that they would not have accessed otherwise, allowing them to enlarge the so-called public sphere [20] .
We contribute to this current debate by introducing new metrics to unfold the dynamics of opinion formation that drives mass level segregation. Single actors observed at the level of the network of interactions on Twitter, express their opinions in accordance with their political values as a response to external inputs driven by social interactions. Mass behavior is understood as the summation of individual behaviors of actors. Relying on the concept of echo chambers, we observe polarized trends in the mass opinion as a response to social events.
II. THE DYNAMICS OF ECHO CHAMBER SEGREGATION
The concept of echo chamber was not invented in the last few years. Introduced by Key [23] for characterizing the segregation of the American electorate in the sixties as resilient to the exposure to opinions in disagreement with their party affiliations, echo chambers describe any closed environments in which the exchange of opinions is restricted to a group of like-minded people. Embedded in consolidated social science theory such as homophily [26] in sociology, cognitive dissonance [11] in psychology and selective exposure [24] in communication theory, the usage of this concept boomed after the web 2.0 revolution [30] to snapshot the patterns of behavior in a connected world.
An increasingly high number of scholars is now enquiring after the existence of the echo chamber effect on social media. Some of them provide empirical evidence of echo chambers formation [34, 41, 44] ; other show scenarios moderately segregated [15, 19] or where segregation is explained by other factors such as individual features rather than social interactions [8, 10] . Moreover, [4] contend that previous work might have overestimated ideological segregation and that echo chambers are dynamic processes that change over time.
A crucial and open debate also concerns how to define and measure echo chambers. Cota et al. [9] relate echo chambers to polarization in the political discourse and suggest how to quantify the extent of the segregation. Several other works rely on the concept of opinion polarization in a particular discourse [12, 13] mostly relying on community detection algorithms [31] . Besides, Jasny et al. [22] suggest to employ exponential random graph model to measure the formation of echo chambers differentiating the echo from the chamber in a triadic closure.
Despite the size of the debate, the reliability of theoretical explanations already offered as much as the empirical evidence presented, more work needs to be done to understand the dynamics of opinion formation in response to online inputs characterized by a push and pull dimension. Echo chambers phenomena cannot exclusively be explained as polarized opinions that drive the formation of segregated community. Clusters successfully show the crystallization of a specific social state, but they do not explain the dynamics that prompted the formation of the state itself. What does drive this process? Which behaviour characterizes the creation of those communities?
We contribute to these challenges by introducing a novel metric of opinion coherence in the network of interactions, that models how the individual responses to social event evolve. At the very heart of segregation, indeed, there is the opinion of people that, rather than being stable over time, can change as a response to the external inputs Lodge and Taber [28] . The aggregate assessment of the individual opinion can explain the evolution of mass behavior over time and to what extent the masses enter and exit the echo chambers as a function of their opinion and the pattern of their socialization. Together with the assessment of opinion coherence, we introduce a measure of the randomness of the opinion expressed by each user at each point in time. We compute the measure using Shannon's entropy [35, 36] . Finally, we dig into the dynamics of opinion exchange by analyzing the hashtags since they are a natural classification offered by the Twitter environment. By checking how topics spread in the network over time, we can provide an accurate description of the evolution of the interactions.
The triangulation of our measures substantially advances the current understanding of the echo chamber phenomena by allowing a separate observation of the segregation and polarization over time. While it is widely accepted to assess the extent of segregation through the measurement of polarization, our measures focus on the disentanglement of these two effects. Even if polarized groups very often segregate and interact into echo chambers, it is also extremely popular to observe cross-chamber interactions. The two populations might not agree on the object of discussion, but not necessarily stop the communication. The presence of strong opinions does not automatically lead to homophily, or disconnection due to dissonant content, nor selective exposure. Our measures enable higher precision in the definition and measurement of the echo chamber phenomenon.
We implemented our approach on data scraped from Twitter in the most salient 43 weeks capturing the debate around the impeachment of President Dilma Rousseff in Brazil. The fierce nature of the competitive relationships between political actors in this Federal Republic in the last few decades make it a very suitable case for observing patterns of opinion evolution and polarization online. Due to these particular political circumstances, other works already focused on social segregation online in Brazil [9, 32, 33] , and this makes it a perfect scenario to test our measures.
III. RESULTS
In our data set, each tweet is characterized by a sentiment, or opinion, x = {−1, 0, +1}, corresponding to a proimpeachment (−1), neutral (0), or anti-impeachment (+1) sentiment, respectively. The neutral opinion means that a hashtag can be used in both a positive or negative contexts. A user i is thus characterized by a time-ordered set of expressed opinions X i = {x i (t 1 ), x i (t 2 ), . . . , x i (t n )}, the size of this set representing his/her activity a i ≡ |X i |. We represent the social interactions between users as a directed temporal network (Holme and Saramäki [21] ), in which a link is drawn from node i to node j at time t if at least a tweet was posted at time t by user i mentioning user j. Since in our data set, we consider only tweets containing mentions, each tweet represents both an opinion expressed and a social interaction from one user to another. We then aggregate the data by slicing the ordered data stream in temporal windows with a fixed length, ∆t = 1 week. For each time interval t = 1, 2, . . . , T , with T = 43 the total number of weeks, one can define a network, in which the weight w ij (t) between nodes i and j represents the number of tweets sent by user i mentioning user j, in the time interval t. Conversely, one can define the average opinion expressed by user i in that time interval, x i (t).
With this notation, the total number of interactions from user i to user j in the whole temporal sequence is defined as w ij = T t=1 w ij (t), which corresponds to the weight between node i and node j in the static, aggregated network. The total number of interactions in the time interval t, instead, is given by
is the set of users interacting in the time interval t. Conversely, the total number of interactions over the whole time sequence is given by W = T t=1
Note that, by definition, W is also equivalent to the sum of the activity of each user, W = i a i .
We now characterize the dynamics of both the temporal network and opinions in time. Figure 4 in SM provides a picture of the intensity of activity over time measured by the number of tweets and the number of active users. While in the first weeks we see an intense activity, this trend drops in the following weeks, characterizing the highly dynamic nature of the interactions. Conversely, the average degree of the network also decreases in time, as shown in figure  5 of SM. However, figure 6 and figure 7 of the SM show that despite the non-stationary nature of the dynamics, the degree distribution tend to be fairly stable over time ( µ = 1.5 and σ = 0.14 of the best fit slopes) and the opinion distribution conserves a bi-modal trend (i.e. users' opinions remain polarized over time). Figure 8 of SM focuses on the correlation between the opinion expressed by a user and their activity, in different time intervals. The figure shows that more active users tend to larger polarization, resembling other highly polarized debates on online social media [2] . One can see that this structural feature is preserved over different time intervals.
A. Coherence
To understand the interplay between opinion and network dynamics over time, we introduce here a novel measure of opinion coherence in the network of interactions,
which depends on the interactions between users at time t (through the term w ij (t)), as well as on the difference between their opinions, as given by the function f (|x i (t) − x j (t)|). This metric encodes the dependency of the coherence from the distance between opinions of users i and j. We choose a decreasing function of the opinion distance |x i (t) − x j (t)|, such as f (x) = e −βx , with β = 1. This means that the contribution of the opinion distance in the coherence exponentially decreases as the opinions of the two users are moving away from each other. Therefore, when users characterized by similar opinions (small opinion distance) interact to a larger extent, the value of the function is higher, indicating a more coherent system. Figure 1 shows the evolution of the coherence of the system for the entire period. For comparison, we consider several null models, which preserve different features of the data. Firstly, we consider a null model in which the opinions of the users are randomized within each time interval t , resulting in assigning the opinion x i (t) expressed by each user i to a different user j. This bootstrap approach corresponds to rewiring the interactions of the network and then recomputing their weights w ij (t). We indicate the network thus obtained as randomized network (RN). In this case, the correlation between the interactions among the users and the opinions expressed by them are completely destroyed, thus dismantling the echo chamber. A total of 100 realizations are run, obtaining an ensemble of RNs. In Figure 1 the timeline of the real coherence values is compared with the one of the RN. A significant difference can be observed between the true coherence and its typical bootstrapped realization, as the coherence from the data is far more than 1σ away from the result of the RN null model. This suggests that the coherence measurement we constructed is a good indicator to quantify the echo chamber effect. We also consider other null models that preserve the interaction network but destroy other features of the data. The second one indicated as mean interaction (MW), substitutes the actual interactions at time t, w ij (t), by the average interactions w i j between user i and user j in the aggregated network, divided by W . A third null model, indicated as the mean opinion (MO), substitutes the actual opinion x i (t) of user i at time t by his/her average opinion in the whole time sequence,x i . One can see that there is no significant difference between the coherence measured on empirical data and the results shown both with MW an MO null model, indicating respectively that the interactions between users and users-opinions are quite stationary throughout the evolution of discussion. Also, MW an MO result to be statistically significant with respect to the RN null model. This suggests that in a case in which the full information about the amount of interactions and opinions of the users are not accessible at each time representation of the network, the measure of coherence holds in its the mean opinion and mean interaction approaches.
B. Hashtags
The information provided by the coherence of the opinions in the network can be complemented by looking at the diffusion of the hashtags used in tweets by the users. We sampled the 20 most popular hashtags out of the all set. Among these, we selected the most relevant hashtags according to the popularity and to the amount of time in which they were in use. The eight hashtags we select cover almost the entire time span. Hashtags are strongly associated with opinions: some of them convey a strongly pro-impeachment opinion (eg, ForaDilma, ForaPT), others convey a strongly anti-impeachment opinion (eg, ForaTemer, NaoVaiTerGolpe). This is shown in Figure 9 in the SM, in which we plot the average opinion expressed by the users who tweeted using the selected hashtags, as a function of time. In the figure,a strong polarization of the hashtag usage over entire period is observed, showing that users who share these hashtags are not inclined to opinion change.
Moreover, the hashtags' diffusion in the network can be used to measure the strength of the echo chamber. One can measure the reciprocal exchange of information from one community to another, as the extent to which "positive" hashtags may reach users of different opinions, and vice versa. Figure 2 shows, for each time interval, the average opinion of users sending the selected hashtags, as well as the average opinion of users who receive them, separately for hashtags associated with positive (blue) and negative (red) opinions. While the average opinion of users sending the hashtags is constant in time and always very polarized, for both positive and negative hashtags, the average opinion of users receiving the hashtags becomes less and less extreme over time. This indicates that while at the beginning hashtags remained within the community using them, after some time they also reach users with different opinions, actually breaking the echo chambers. This is true for both positive and negative echo chamber, as shown by Figure  2 . These results are in agreement with the coherence dynamics ( Figure 1 ). High coherence corresponds to a small flow of information. As coherence decreases, the stream of interaction across parties intensifies.
C. Mutual Information
Social contagion expresses the idea that individuals are able to influence the opinions of their peers [7] . In our case, tweets sent by users carry an opinion and are explicitly directed to other users, so can influence their opinions. To understand the dynamics of this pattern we study the mutual information between the distribution of the opinion expressed by a set users, p(x), and the distribution of the opinion they receive, p(y), in each time interval.
The mutual information in a time interval t can thus be expressed as
where we select only those users which both express and receive and opinion in the time interval t, the set I(t), and p t (x, y) is the joint distribution of the opinion expressed x and received y. This measure quantifies the degree of predictability between the opinions received by a user, and the opinions s/he is like to express, as in Starnini et al. [37] , Takaguchi et al. [38] . A large value of M I(t) suggests that the information contained in the distribution of expressed opinions is informative about the distribution of received opinions, and viceversa. If the opinions expressed are independent by the opinions received, p(x, y) = p(x)p(y), the mutual information is equal to zero. Therefore, M I(t) provides a quantitative understanding about the degree of deviation from the received and expressed opinions being independent.
The mutual information in each time window is shown in Figure 3 . We compare the mutual information at each time interval to the bootstrapped mutual information estimated in a scenario in which network interactions are randomized, but the distributions of opinion expressed, p(x), and received p(y) are preserved. Since mutual information is sensitive to sample size, and since the number of users that both express and receive and opinion, I(t) greatly varies among different time intervals t, the measured mutual information can not be compared between different time intervals. However, within each interval, we see that the actual values are significantly higher compared to mean value of mutual information obtained after randomizing the interactions. This indicates that the opinions received by a user in an echo chamber environment play a key role in the predictability of the opinion of such user.
IV. DISCUSSION AND CONCLUSION
This work contributes to the emerging literature in echo chambers and opinion formation by decoupling the effect of network interactions from the polarization of opinions in the system. In order to quantify the evolution of the echo chamber, we propose a novel metric of opinion coherence in the network, able to sense the strength of the echo chamber effect in time. The analysis of the hashtags diffusion over the network allows us to understand that the reason for the echo chamber effect to become weaker in time is to be found in the increase of the interactions between users with opposite opinions. Also, the analysis of the mutual entropy between the opinions expressed and received by the users permits to quantify the social contagion effect.
State of the art literature in psychology and political psychology concerning opinion formation do not conceive opinions as a skin that characterize people, but rather as a dress that changes in response to external inputs. This is due to a lack of rationality and cognitive coherence that characterize human behavior [28] . Our work relates to this consolidated theory by showing an analogous pattern in the echo chamber case. People do not live into echo chambers; they instead go in and out as a response to external inputs. Considering that the Mutual Information provides evidence of social contagion in the mechanisms that shape opinion formation, the received tweets are shown to affect the opinion formation over time. Hence, we can claim that social interaction is directly shaping the process of going in and out of the chamber.
The highly polarized opinion around Dilma Rousseff impeachment offered us a convenient opportunity to test our metrics. Future research should be devoted to applying the metrics to other data sets of polarized debates in online social media, to quantify the echo chamber dynamics. For example, topics characterized by different degree of controversy are known to be different with respect to the strength of the echo chamber effect [14] . Conversely, some social media, such as Facebook or Twitter, are known to be more prone to yield the conditions for the emergence of echo chambers than others, such as Reddit.
V. EMPIRICAL DATA
Cota et al. [9] collected and presented the dataset we employed to test our measures. A team of Brazilian researchers scraped Twitter (from API) from March 5 th 2016 until December 31 st 2016 specifying a list of 323 keywords considered relevant to monitor the debate over former president Dilma Rousseff impeachment. The team selected only the tweets that contained at least one hashtag and a mention (retweets were discarded), preserving the timing of the interactions and the hashtags. The final dataset includes 2, 066, 042 mentions and 285, 670 different users (people who wrote at least a tweet with a mention and an hashtag).
A weighted temporal interaction network is computed from the data set, slicing the entire time-ordered data stream in time intervals of N = 7 days and building an directed network for each time interval taking users as nodes, each mention from a user i to another j as directed link with weight equal to the number of time the user i mentioned user j. For each time interval, an opinion value x i (t) is associated to the user i as the average of the signs of the hashtags s/he sent in that time interval t. 
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